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Abstract

This paperreportsthe studyof four time-frequeng transformsappliedto vibration signalsand presentsa new metricfor com-
paringthemfor fault detection.The four methodso be describedandcomparedarethe ShortTime Frequeng Transform(STFT),
the Choi-Williams Distribution (WV-CW), the ContinuousWavelet Transform(CWT) andthe DiscreteWavelet Transform(DWT).
Vibrationdataof bevel geartoothfatiguecracks underavarietyof operatingoadlevels,areanalyzedisingthesemethods Thenewn
metricfor automaticfault detectionis developedandcanbe producedrom ary systematiciumericalrepresentationf thevibration
signals.This newv metricrevealsindicationsof geardamagewith all of the methodson this dataset. Analysiswith the CWT detects
mechanicaproblemswith thetestrig notfoundwith the othertransforms The WV-CW andCWT useconsiderablymoreresources
thanthe STFT andthe DWT. More testingof the new metricis neededo determineits valuefor automaticfault detectionandto

developmethodsof settingthe thresholdfor the metric.

I ntroduction

Many metricsbasedon frequeng analysisare currently used
on vibration datato detectfaults from gearboxes[1]. Al-
thoughthesemethodshave beenshawn to find faults[2], tradi-
tional methodssuchas spectrumanalysis,waterfll plot, cep-
strum analysis,and matchedfiltering [3], were developedfor
useon stationarydata. However, mary systemsare not sta-
tionary. For instancejn HealthandUsageMonitoring Systems
(HUMS) [4], thevibrationalfrequenciebeingmeasuredby the
accelerometersanchangerapidly in time, especiallyif afault
hasoccurred. Many typesof geardamageproducelocalized
changesn the signalsothatthe signalis no longer stationary
onthetime-scaleof thegeartoothmeshing.Thesignalnearthe
meshingwith a defective toothmayvary considerablyfrom the
restof the signal. If the situationis critical, it is importantto
determinghe severity sothatcorrective actionscanbetaken.

In standardFourier analysis,for example, a signal is de-
composednto individual frequencies.Unfortunately thereis
no way to determineat what point in time eachof thosefre-
guencieshasoccurred. However, thereare signal processing
methodsawhich give local informationaboutbothtime andfre-
guengy. Thesemethodslocalize faultsin time and therefore
may be moresensitve to earlychangesn thesignaldueto im-
pendingfaults.
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Many time-frequeng (TF) methodshave beenappliedto
the detectionof faultsin gears. Wang hasclaimedthe Short
Time Fourier Transform(STFT) to be a powerful tool in de-
tecting local gear damageat an early state[5]. In periodic
data,strongharmonicanayobscuresmalltransienevents.Ac-
cordingto onestudy STFTswill performbetterherethancon-
ventionalmethods[6]. Othershave investigatedSTFT meth-
odsfor the early detectionof faultsin gears[7, 8]. With the
WignerVille Distribution (WV-CW), local tooth faultsin spur
gearshave beenfoundwith this method[1]. Otherresearchers
have beeninspired by WV-CW and have modified it to cre-
ate their own methods[9, 10, 6]. The ContinuousWavelet
Transform(CWT) is becomingstudiedmoreandits usefulness
increases.In one study the phasemap of the wavelet trans-
form wasfound to have distinctive featuresneara tooth that
wascracled[11]. In anotherstudy satisictory resultswere
obtainedfrom a de-noisingmethodbasedon wavelet analy-
sisusedfor the diagnosisof mechanicalibration signals[12].
Many othersusethe CWT asappliedto the detectionof faults
in geard13, 5,14, 15, 16, 17, 18]. TheDiscreteWaveletTrans-
form (DWT) or Multi ResolutionAnalysishasalsohadsome
goodresultswith gearfaults. In onestudy whenthe datawas
preprocessedsingtheDWT andthenfedinto amultilayerneu-
ral network, gearfaultswere successfullyfound andclassified
into differentgroups[19]. In anotherstudy the DWT wasused
to createa residualerror. The probability densityfunction of
the residualerror was then expandedinto a Hermite polyno-



Figurel: OH-58A HelicopterMain-RotorTransmission.

mial andthe coeficientswereusedasa featurevectorto esti-
mateearly fatiguecracksin gearg[3]. Otherresearcherbave
hadboth mixed andgoodresultsusingthe DWT in gearfault
detection20, 4].

It is extremelydifficult to usea TF methodasit standsalone
for HUMS analysis. The dimensionalityis simply too large.
In addition, thereis no obvious fault detectioncriteria, other
than humanobsenation, without somedimensionalityreduc-
tion. Someauthorshave reducedthe dimensionalitywithout
creatinga metric[12, 8]. Otherresearcherbave reducedthe
inputinto aneuralnetandusedt asaclassifie[19, 1]. Because
of theway the netsweretrained,the netswereovertrainedon
a few specificexamplesof faults and thereforemay not find
faultsthatdiffer from ary in thetraining set. Finally, someau-
thorshave bothreducedhedimensionalityandcreatedmetrics
[13, 3,21, 4, 6, 7]. For example,in [6], they usea generalized
andimprovedvariationof Choi-Williams calledRID. They an-
alyzeda spectrogranwith singularvaluedecompositionThen
they looked at scatterplots of the first two principal compo-
nents.Williams alsoexamineda metricproduceddy projecting
ontowhatWilliams callsthe“zero-subspacedndwhatthecur-
rentauthordnterpretasbeingthenoisesubspacéor thenormal
andfaulteddata.A squareddistancemeasurdetweerthe pro-
jectionof faulty andnormalsignalswasthenstudied.

Thesefour methodswill becomparedy firstanalyzingthem
on a set of experimentaldataknown as the Multiple-Seeded
Fault Data. Thenthe dimensionalityof their resultswill bere-
ducedby usingsingularvaluedecompositiofSVD). Finally all
four methodawill be comparedvith eachotherusinga simple
one-dimensionainetric developedby the authors.The follow-
ing areincluded:the assumptionsiesourcestesolution speed
of calculationandresultsof analyses.

Description of Test and Analysis

Test

The vibration datareportedin the currentwork were acquired
from tests performedat the NASA Glenn ResearchCenter
Thetestswereperformedon an OH-58A helicoptermain-rotor
transmissiorfFig. 1) in theGlenn500-hpHelicopterTransmis-
sion TestFacility asseenin Fig. 2. The objective of the tests
wasto supplyexperimentaldatato studythe detectionof gear
toothfatiguecracksandtheir propagatiorratesundera variety
of operatingoadlevels. Thegearunderstudyis thespiralbevel
pinionwith 19teeth(Fig. 3a). Nine notcheswverefabricatecn

Figure 2: NASA Glenn 500-hp Helicopter TransmissionTest
Facility.

(a)normalteeth

(b) fracturedteeth

Figure3: OH-58A Spiral-Bevel Pinion

variousteethof the pinion. The notchsizesvariedfrom 0.5to

0.1"in length,and0.015to 0.045"in depth. The pinion was
run4.9million cyclesat6060rpm andtorquelevelsfrom 2479
to 4649in-1b (80, 100, 125 and 150%designload), seeTable
1. After 1.9 million cyclesat 4649in-Ib, five teethfractured
off the pinion asseenin Fig. 3b. More informationaboutthe
transmissiorandtestrig canbefoundin Lewicki andCoy [22].

During the tests,vibration datawere periodically collected
from the transmission Five piezoelectricaccelerometeraere
mountedon the OH-58A transmissionhousingas shavn in
Fig. 4. Theaccelerometerserelight-weight, high-frequengy,
andhadintegral electronics.They hada nominalresonanfre-
gueny of 90 kHz andan outputsensitvity of 10 mV/g. Mea-
surementérom accelerometenumbersl, 2, 4 and5 wereused
in thecurrentstudy Accelerometerd and2 wereclosesto the
pinion gearon theinput shaft. Accelerometenumberl is ori-
entedradially to theinput shaftandaccelerometenumber2 is
tangentialto the input shaft. Accelerometenumber4 is about



Table1: OH-58A Pinion OperatingConditions.

DataRecords 1-43  44-126 127-209 210-449
Time (cycles/million) 1 1 1 1.9
Speedrpm) 6060 6060 6060 6060
Torque(in-Ib) 2479 3099 3874 4649
Torque(%) 80 100 125 150

45 deg away from the pinion orientedradial to the planetary
gear Accelerometenumber5 is by the outputshaftabout90
deg from theinput shaftorientedin the samedirectionasnum-
ber 1. The synchronoushaveragedsignalfrom accelerometer
numberl shoved consistentlyhigher amplitudethan signals
from the other accelerometers.The resultspresentedn this
paperwill concentrateon measurementfrom accelerometer

numberl. Becausehe pinion containedl9 teeth,thevibration
signalsfrom the healthygearare expectedto containa wave- i Transverse <«{ > Accelerometer
form with 19 repetitionper rotation and significantfrequeny s pyial

componentst 19 timesthe shaftrotationandits harmonics.

The vibration datawere recordedon magnetictape using
high-frequeng widebandgroup Il electronicsapproximately
every 180,000cycles (every 30 minutes). The datawerethen
postprocessedDatafor four of theaccelerometerwereinter-
polatedto 1024 pointsperrotationof the pinion andthensyn-
chronouslyaveraged. By synchronouslyaveraging,the com-
ponentsof the signalnot synchronousvith the pinion rotation,
both noiseandsignalsfrom otherhardware,arereduced.The
vibration signalis relatively stationaryon the time scaleof the
gearrotation becausehe testrig is operatedundervery tight
conditions,so averagingon the time-scaleof the gearrotation
is reasonable.Local signal componentgdue to geardamage
will be preseredaslong asthe signalrepeatsachrotationof
thegear

OVer Vl aw Of Anal ys S —~=—> Axial Tach pulse, input shaft

Thecurrentstudystartedwith thesynchronouslaveragedime
histories. The datawerethendecimatedy an orderof four to
256 pointsfor theanalysesn this paper It wasnot practicalto
perform someanalyseson the longerblocksizes.In addition,
the higherfrequenciesvere not neededo find changesn the
datadueto geardamage.

In this study thetermtime-frequeng will beused.Therep-
resentation®f the dataareactually sampledat uniform phase
spacingof the gearinsteadof uniform time. This keepsthe
signalin phasewith the gearteetheven thoughthe rpm may
change. Also, someof the transformsdo not transforminto
frequeng, but somethingvery similarto frequeng.

The analysisin this study projectsthe synchronouslyav-
eragedtime history onto a time-frequeng space. All time-
frequeng transformsin this study except the orthogonal
wavelettransform,projectthe vibration signalonto a spaceof
muchhigherdimensionandthusproduceavery redundantep-

Figure4: Accelerometet.ocationson OH-58A Transmission.



resentatiorof the signal. The elementsn the time-frequeng
spaceare signalswith localizedfrequeng and time content.

time frequeny methodsto be used,this distribution hasbeen
widely studied.Givenafunction f (u) the WignerVille Distri-

Local featuresin the vibration signalwill be well represented butionis definedas

in thetime-frequeng space A modelwill beproducedoy pro-
jecting the signal representatiommnto a very low-dimensional
subspace. This low-dimensionalsubspaceof the very large
time-frequenyg spaceis optimizedto representhe signal. A
metricthatdeterminegaultswill be producecbaseduponhow
closelythe projectionof the transformedsignal onto the very
small subspacematchesthe original signal. This metricis a
measuref thedistanceof a signalfrom themodel.

All of the computationabhnalysesveredonewith the math-
ematicalsoftwarepackageMATLAB.

Time-Frequency Methods

Formulasfor continuougime transformsoffer a more concise
notationthanthoseof discretetime. Although this papercon-

tainscontinuougime formulas,the discretetime analogswere
usedfor the computation.As far asa bit of notation,if f(x) is

afunction,then f(x) is its complex conjugate.

Short Time Fourier Transform (STFT)

The ShortTime Fourier Transform(STFT), alsoknown asthe

WindowedFourierTransformor spectrogramis adevelopment
that extendsstandard~ourier Transformtechniquedo handle
non-stationarydata [23]. Fourier Transformsare appliedto

shortwindows of data. Thesewindows are moved along the

dataand may overlap. This transformsone-dimensionatiata
into two-dimensionablata,one dimensionfor frequeny anda

seconddimensionfor window locationin thedata. The STFT
givesinformationfor afixedfrequengy andtime resolutionde-

pendenbnthewindow. An impulsiveeventappearsn anSTFT
asincreasedevelsfor all frequenciegtthetime of theimpulse.
Thelimitation of the STFT s thatsignalcomponenthaving a

poor matchto the fixed time andfrequeng resolutionwill be

obscured.

Givenatimeinterval T > 0, let g(u) beafunctionthatvan-
ishesoutsidetheinterval — T <u< 0. The STFT of a function
f(u) is definedto be

Flot) = / glu—t) f(u)e 21Ny, o)

The analysesin this paperuse a Hanning window of 32

pointsin lengthwith 24 pointsof overlap.

Choi-Williams Distribution

The WignerVille Distribution (WV) is a nonlineartransform
that mapsone-dimensionatiatainto two dimensions.Onedi-
mensiorhasfrequeng-likecharacteristicandtheotherdimen-
sionhastime-like characteristicsintegratingthe WV alongthe
frequeng-like dimensionproducesthe squaredamplitude of
the original signal. Integratingthe WV alongthe time-like di-
mensionproduceghe squarecamplitudeof the Fourier Trans-
form of the original signal.

The Choi-Williams Distribution (WV-CW) is a modification
of the WignerVille Distribution[24, 25]. As one of the first

W(t,w) = %T/_m?(t - %u)f(t + %u)e‘i”‘*’du.

)
Unfortunately if the signalis even moderatelycomplicated,
therewill besignificantcross-termsvhichwill makeinterpreta-
tion nearlyimpossible.The Choi-Williams Distribution usesa
kernel(anadditionalmultiplied terminside equation2) which
dampensout the cross-terms. While still present,the cross-
termsare significantlydampenednd no longer causea prob-
lemin analyzingthe signal. Thekernelthat Choi andWilliams
chosewas

9(6,1) = &/’ ©)
wherethe parameter controlstheamountof attenuationThe
amplitudeof thecross-termss directly proportionato o. How-
ever, if the cross-termaresuppressetbo much,thentheauto-
termswill loseresolutionin thetime frequeny plane.Thefinal
Choi-Williams Distributionis definedas

W(t,0,6,1) =

1/ T(t—}u)f(t+%u)e‘esz/"ze‘i““’du

o > (4)

For this studyo = .05.

Continuous Wavelet Transform

The Continuous Wavelet Transform (CWT), is a time-
frequeny methodthatbuilds ontheideaof the STFT. Whereas
the STFT s limited in resolutionbecauseof its fixed window
size,the CWT usesavariablewindow sizewith shortwindows
for high frequenciesand long windows for low frequencies.
Thisallowsthe CWT to bea powerful tool in representindpcal
featuresof a signalthat othermethodssuchasthe STFT may
missentirely.

Givena motherwavelet, all otherwaveletsare madeby di-
lating and/ortranslatingthe motherwavelet. Thesewavelets
aremovedalongthedataandoverlap. Thistransformgheone-
dimensionaldatainto two dimensions. The first is for scale
(thesizeof thewavelet)andtheseconds for thelocationin the
data. For eachwavelet, the scalescanbe corvertedbackto a
rangeof frequencies.

In continuous wavelet analysis [23], we begin with a
complex-valued window function Y(t) called the mother
wavelet. Givenan arbitrary p > 0 andary realnumbers # 0,
themotherwaveletis definedas

Ws(W) = [87P0(). ©®)

In orderto describea given signal at a local time, the signal
is comparedo translatedversionsof Ys. Given an interval of



lengthT nearu =0, if Y(u) is supportednon-zero)nT, then
nearu = 0, YPs(u) is supportednaninterval of length|g| T and
thefunction

Wt (1) = W= 1) = 9P ) ©)

is supportedon |s|T nearu = t. Assumingthat the mother
waveletbelongsto L2(R) thens; doesalso. If agivenfunc-
tion (signal) f(t) also belongsto L?(R), thenthe continuous
wavelettransform(CWT) is definedas

fist= [ BTy

For this studythe seventhorderDaubechiesvaveletscaling
filter, known asdb7wasusedon all of thedatarecords.

(7)

Discrete Wavelet Transform

Given functions f(x) and yi(x) suchthat [© @ (t)dt = 0, the
discretewavelettransformof f(x) is definedto be[26]

/_ ” (@™ — nb) f (t)dt

It is thendivided into two cases. In the first case,calledre-
dundantdiscretesystemsor frames,the dilation parametera,
andthetranslationparameterb, arediscrete.In particular for
a, only pawersof onefixeddilation parametegreaterthanone
areused.This discretesystemis notusedin this paperandwill
not bediscussedurther. In thesecondcase calledorthogonal,
orthonormalor muti-resolutionanalysis specificchoicesof a,
b, and @ are madeso that the waveletsthat are createdform
anorthogonalor orthonormabasis.For example,if a= 2 and
b = 1, thenthereexists suchthat

f(a,b) = 8

Wmn(X) = 272g(2"Mx— n) (9)
form anorthonormabasisfor L?(R).

The Mulit-ResolutionAnalysis(MRA) is a fastiterative al-
gorithmwhich analyzesary signal. At eachlevel of decompo-
sition, a signalis high-pasdiltered anddown-sampledo pro-
duceoneof the detail signalscomprisingthe waveletanalysis.
The samesignal is also low-passfiltered and down-sampled
to producethe next averagedsignalto be usedas part of the
wavelet analysis. This whole processs repeatedn the aver
agesignalenoughimesfor thenecessargnalysioof thesignal.

In this study the seventhorder Daubechiesvavelet scaling
filter, known asdb7wasalsousedonthediscretenvavelettrans-
form. Thereweresevenlevelsevaluated.This producesseren
detailsandoneaverage.Theresultsaredistinctfrom the CWT
versionof db7. Oneobviousreasonbeingthatthe DWT db7
providesan orthonormalbasisof waveletsso that thereis no
redundang in the representatiomf the transform,unlike the
CWT db7.

Modeling and Metric with SVD

By themseles,the time-frequenyg analysesalonearenot suf-
ficient for detectingfaults. All of the time-frequeng methods

usedin this paper exceptthe discretewavelet transform,ex-
pandthe dimensionalityof the representatiomf the data. Al-
thoughvariousresearcherfl, 3, 4,5, 7, 6, 15, 17] have found
earlyindicationsof faultswith time-frequeng methodsman-
ually inspectingthe resultsof the transformswill not produce
a viable methodof detectingfaultsin a HUMS system. Fault
detectioncanbe simplified by projectingthe transformediata
onto a lower dimensionalmodel subspace.A modelwill be
madebasedupona time-frequeng analysisof a subsetf the
datacalledthe training set. This techniqueproducesa small
numberof coeficientsthatdescribethe datain the modelsub-
spaceandaresiduatlthatis the differencebetweernthe dataand
the dataprojectedontothe modelsubspaceThe modelcoefi-
cientsand/ortheresidualcanthenbeusedfor faultdetection.In
thiswork, we will usetheratio of thermsof theresidualto the
rms of thetransformof the dataasa metric for fault detection.
Thevalueof this metricrangesrom O for datathatis perfectly
describedby the modelto 1 for datathatis orthogonalto the
model, meaningthatit is totally outsidethe model. This nor-
malizedresidualwill be tracked andwhenthe level increases
thereis indication of a changein the stateof the gearoutside
therangeof thetrainingset.

Thebaseglefiningthemodelwill bederivedfrom datain the
training set. By deriing the basisvectorsfor the modelfrom
thedataratherthanastandardxpansiorsuchasFourierSeries,
datawill fit betterwith fewer terms. This kind of modeling
hasbeenusedto compressiatafor a variety of problems[27,
28, 29, 30, 31, 32, 33]. SereralmethodsPrincipalComponent
Analysis,Blind SignalSeparationKarhunen-Loée Transform
and SingularValue Decompositionaccomplishthis modeling
with the samemathematics. The modelingis describedhere
within the framework of the SingularValueDecomposition.

For modeling, the time-frequeng analysis of each data
recordis reshapednto a one-dimensionatolumnvectorand
all of thevectorsfrom thetransformedatasetare placedinto
amatrix X. Thetrainingset,Y is asubsebf X. Y isanIxJ ma-
trix of J datarecordtransforms| pointslong. Y isfactoredwith
a SingularValue Decomposition(SVD). The SVD producesa
diagonalmatrix of singularvalues,S, andtwo unitary matrices,
U andV. Thesematricesarerelatedby Y = U * SxV’. There
areK = min(l,J) singularvalues.Thecolumnsof U form aba-
sisfor the columnandleft null space®f Y. The columnsof V
form a basisfor therow andright null space®f Y. Thesingu-
lar valuesindicatetheamountof eachbasisvectorin thematrix
Y. A subseW is formedfrom the columnsof U dependingon
how mary of thelargestsingularvaluesin Sareconsideredig-
nificant. The modelconsistsof the projectionof the dataonto
the subsetbasis,W. The coeficients, D, from this projection
now form a compactdescriptionof the dataanalyzedwith the
time-frequeng method,

D=W X (10)

whereW is the Hermitiantransposef W. Eachcolumnin D
containsthe coeficientsfor the modelof the datain the corre-
spondingcolumnof X.



A modelrepresentatioof thedata,M, canthenbecreated

M=W=xD. (11)
Now thatthereis a model,definetheresidual R, to be
R=X-M. (12)

Each column of R = (Ry,Ry,...Rn) contains the residual
for the correspondingcolumn of the transformeddata, X =
(X1, X2,...Xm). Definea real-valuedmetric asthe ratio of the
rmsof theresidualto thermsof thetransformediata,

_ Rl
X]

This metric measuresiow eachdatarecord differs from the
model. High dimensionaldatahave beencompressedown to
asinglenumberfor eachdatarecord.

For fault detection the training setwould containa sample
of datarecordsfrom the gearrunningwithout faults. Measure-
mentswith no alterationsto goodgearswerenot availablefor
this dataset. In the currentwork, the training setcontainsdata
recordsfrom the earlierpart of the testwherethe gearwasex-
pectedo containtheleastamounif damageModelswerefirst
madeusingthe first 126 datarecordsfor the training set. The
resultsshoved anomaliesn someof the modelsfor the points
27-32and44-53. A new training setwas selectedto contain
half the datarecordsfrom 1-26,33-43and54-126. Theresult-
ing model coeficients and residualsfor the training setwere
similarto thosefor thenon-anomaloudatain thefirst 126 data
recordsandnot in the training set; thus, giving confidenceto
themodel.

The numberof basisvectorsor modesto usein the model
mustbe determinedor eachmodel.If too few modesareused,
themodelwill poorlyrepresenthetransformedibrationsignal
from thegoodgear If too mary modesareused,morecompu-
tationwill berequiredproducingmorecoeficientsthanneeded
andthe modelmay over fit the data. Several criteriaareavail-
able. Thenumberof modescanbechoserto accounfor afixed
amountof rmsor variancein thetrainingset[34]. This method
requiresselectinga cutoff criteria. The numberof modescan
be chosenby examining the basisvectorsand choosingonly
thosethatlook like a signal[33]. This methodis laborinten-
sive andrequiresselectinga cutof criteria. Anotherway is that
the numberof modescanbe selectedby statisticalhypothesis
testingof the multiplicity of a noiseeigervaluein the singu-
lar valuesto distinguishbetweemoiseandsignal[35, 36, 37].
The authorschoseto usethis last methodwhich is commonly
usedin arraysignalprocessindor methodghatrequireknowl-
edgeof the numberof signalsin the data. This methodmakes
theassumptiorthatdataarethe sumof anunknavn numberof
stationarysignalsandergodic Gaussiamandomnoise.

Whentheindividual datarecordsy;, in thematrixY areran-
dom sampledrom a processcontainingj signalsandrandom
noiseof amplitudeo, thefirst j of theJ singularvaluesareesti-
matesof the signalstrengths.The rms of the remainingsingu-
lar valuesareanestimateof thenoisestrengthg. For Gaussian
randomnoise,the remaininglower level singularvaluescome

r(l) (13)

from a normaldistribution with a meanof 0. A Minimum De-
scriptionLength (MDL) is found by taking a maximumlik e-
lihood estimateof the parameters.Given a vector s, of the
K singularvalues,the estimateof the numberof signalsis the
valueof j thatminimizesthe MDL

j(2b-j-1)

MDL(j) = —L(j)+ Q). (14

where

(ﬂﬁlsz)m

L()=JI(K—jIn |2/ (15)
() =20 |5 s

In determininghenumberof degreesof freedomin theMDL
calculationthenumberof pointsin adatarecord,D = 256,was
used,insteadof D = M for the datalength. This wasdonebe-
causemosttime-frequeng methodsproduceredundaninfor-
mationfrom the original shorterdatarecord.

Results

Threedatarecordswere chosento be representatie of what
occurredduring the major pointsof thetest. Although nine of
theteethhadbeemotchedn thebeginning,it wasassumedhat
for aperiodof timethatthesystemwouldrunin alessdamaged
state.Datarecord25 wasusedto representhis periodof time.
In themiddle of thetest,it wasassumedhatsomeof the teeth
would begin to breakoff or becomeseverely damaged.Data
record250 was usedto representhis middle part of the test.
The mostseveredamagewnould occurnearthe endof thetest.
Datarecord449wasusedto representhis lastpartof thetest.
The analysesvere doneon four accelerometersThe main
discussiorfor eachtransformwill coveraccelerometemumber
1 followedby a brief discussiorof the otheraccelerometers.

TimeHistory

Thereareatotal of 449 datarecordswith torquerangingfrom
80%to 150% Figure5 shavs a sampleof datarecordsfrom
differentpartsof thetestrecordedon accelerometenumberl.
In Fig. 5aandb, datarecord25 and 100, torque 80% and
100%, the dataclearly shavs a waveformwith a repetitionof
19throughoubnerotationcorrespondingo the 19 teethonthe
gear In Fig. 5¢,datarecord150with torquel25%,thereis less
cleardefinition of the signalbetween0 and0.2 of the rotation
and between0.7 and 1. This could be signalsfrom adjacent
teethbeginningto merge. In Fig. 5d, at datarecord230 and
150%torque,at approximately0.1, 0.78,and 0.9 of the rota-
tion, the wavelengthof the waveformappearso have doubled.
In Fig. 5e, at datapoint 250 and 150%torque,the structureis
now completelydifferentandthe amplitudehasincreased By
the final datarecord,Fig. 5f, datarecord449, torque 150%,
it appearghatthereis now a structureof approximatelyd per
rotationwith almost6 timestheoriginal amplitude.
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Short Time Fourier Transform

Thetime shiftin the STFT variesalongthe x-axisover onero-

tationof the pinion. They-axisrepresentgachfrequeng with

the lower frequenciesat the top of the axis andthe higherfre-

guenciesiearthebottom. Theblock sizerepresentthewindow
sizethatwaschosen.In this casethereare29 blocksthatspan
theentireSTFT. Unlike the CWT thisis thesmallestresolution
becausef the fixedwindow size. The smallestfrequeng is %

of therotationor 2.375timesthegearmeshfrequeng, thegear
meshfrequeng will registeratindices3 and4.

First, the discussionwill be just aboutaccelerometet. For
the early datarecord, 25, the gearmeshsignal at the 19 per
rotation of datashaws up in the analyses.Fig. 6ashows the
amplitudeof the STFT for datarecordnumber25. Notice how
the dark line at approximatelyfrequeng index 3, runsacross
almostthe entirerotationindicatingthatthe 19 perrotationis
very dominant. Also, the secondharmonicis apparenbn this
accelerometerfor the seconddatarecord,250, the lower fre-
guencieslominateasseenon Fig. 6b. Thedarkline hasmoved
to a lower frequeng andis no longerassolid, indicatingthat
theremay be problemswith thegear For thefinal datarecord,
449 theamplitudeshovnin theanalysess significantlylarger.



Also, the dominantfrequenciesare lower than19 per rotation
andvary uponthe location of the rotation. Fig. 6c shavs the
STFTfor datarecordnumber449. Now theline is onceagain
moresolid thatin recordnumber250,but atalower frequeng,
indicatingthatthegearno longerhas19 teeth.

Next comparethe accelerometersin the early datarecord,
25, all of theaccelerometerBave a strongcomponentt 3 and
4, correspondingo the gearmeshfrequeng of 19 shafthar
monics.For the seconddatarecord,250, thelower frequencies
dominateon accelerometel. On acceleromete, the dom-
inant frequeng is still 19 shaft harmonics,and on the other
accelerometerg} and5, the dominantfrequenciesvary by lo-
cationup to 19 per rotation. Finally, for datapoint, 449, all
amplitudeshave increasedor the accelerometersThe domi-
nantfrequenciesare all lessthan 19 per rotationandvary by
location.

Choi-Williams Distribution

The time shift in the Choi-Williams Distribution variesalong
thex-axisover onerotationof the pinion. Theresolutionin the
time shift is the sameasthe resolutionin the data,256 points
per rotation. The y-axis representeachfrequeny with the
lower frequenciest thetop of the axisandthe higherfrequen-
ciesnearthebottom. Sincethe Choi-Williams datais four times
finer thanthe Fouriertransform the index for the frequeng is
atfourtimes19,or at76.

Thefirst discussiorwill be aboutaccelerometel. For the
early datarecord, 25, the gearmeshsignal at the 19 per ro-
tation shawvs up in the analyses. Also, the secondand third
harmonicsareapparent.This canbe seenin Fig. 7a,the WV-
CW for datarecord25 asa solid dark line at approximately4
timesfrequengy index equalto 76, or 19 perrotation. Vertical
streaksspacedat 19 per rotation are visible throughoutmost
of the “frequeng” rangefor datarecord25. For the middle
datarecord, 250, a lower frequengy dominates.If Fig. 7bis
obsenedfor datarecord250, it is obviousthatthe darkline is
now below 50. For thefinal point, 449, theamplitudeis signif-
icantly larger. Notice, for example,on Fig. 7c for datarecord
449thatthe amplituderangeis now from —5 to over 15, a sig-
nificantchangefrom Fig. 7aand7b. In addition,the dominant
frequenciesrelowerthan19 perrotation.

Now all of the accelerometersvill be discussed. In data
record25, all accelerometershoved the gearmeshsignal at
the 19 per rotation of the data. Accelerometerd and5 also
clearly shav two harmonics.For the middle datarecord250,
thegearmeshfrequeng is pickeduponaccelerometer®, 4 and
5. Thetransformfrom accelerometenumberl picksit up very
faintly. All of the accelerometerpick up the lower frequen-
cies.At thefinal datarecord,accelerometer@ and5 have three
prominentirequenciesincludingtheoriginal gearmeshsignal.
Transformsof bothaccelerometer$ and4 containstronglines
at32and36, correspondingo 8 and9 shaftharmonics.

Continuous Wavelet Transform

Thetime shift in the CWT variesalongthe x-axis over onero-
tationof thepinion. Theresolutionin thetime shift is the same
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astheresolutionin thedata,256 pointsperrotation. They-axis
representgachscaleof the wavelet. The scalel1l maximizes
thegearmeshfrequeng. Thevalueat eachpoint of theimage
representshetransformediataat thatscale.Notice,for exam-
ple, how in Fig. 8athe amplitudegoesup anddown at 19 per
rotationin theregion aroundthe scalethatmaximizesthe gear
meshfrequeng. Also noticehow atthe edgeof theimagethe
amplitudeis lessthanit is at the middle of the image. This
correspondso thetime datain which theamplitudeof thedata
alsoincreasedn themiddle of therotation.

The first accelerometefl will be discussed.For the early
datarecord,25, the gearmeshsignalat 19 per rotationshovs
up in the analyses. Fig. 8a shows this quite clearly. Count
the numberof wave forms. For the middle datarecord, 250,
the gearmeshat 19 per rotationis not readily apparent.But,
structuresshawving lower frequeng are there. Thesecan be
seenin Fig. 8b. They appearaslargerwavesat higherscales.
For the final datarecord,449, the dominantstructuredisplay
frequenciesowerthanl19 perrotation. Thisindicateghatthere
areno longer19 working teeth,in fact, far fewer. In addition,
the amplitudeis significantlylargerascanbe seenin the scale
barin Fig. 8cfor datarecord449.

Now all of the accelerometersvill be discussed.In data
record25, all accelerometerbave a clear19 pergearrotation
waveformacrosghewholerotationexceptfor accelerometes
which hasa loweredamplitudefor the lastquarterrotation. In
datarecord250, accelerometet hasa lower frequeng struc-
ture presentwhile accelerometer®,4, and 5 have 19 wave-
formsstill presentput with lower frequengy waveformsoccur
ring also.In datarecord449 accelerometet hasafairly clear
9 waveformwhile the other3 accelerometeraremixed.

Discrete Wavelet Transform

The DWT is distinct from the othertransformsin this paper
It doesnot expandthe dimensionalityof the representatiomnf
thedata.In this case wheresesenordershave beenused there
aresevenvectorsreturnedwhich arereferredto asdetailsand
onevectorwhich is referredto asan average. In Fig. 9, the
detailswith the highestfrequenciesare at the top of the plot.
The averagevector, which containsthe lowestfrequeng, is at
thebottomof theplot. Alsoin Fig. 9, thetime shiftin theDWT
variesalong the x-axis over one rotation of the pinion. The
time resolutionis finer in the detailsat lower scaleand higher
frequeny nearthetop of theplots. Thegearmeshfrequeng at
19 shaftordersdoesnot matchary of thescales Signalsat the
gearmeshfrequeny aresplit mainly betweerscales3 and4.

Thefirst partof thediscussiorwill justincludeaccelerometer
1. For the early datarecord,25, the gearmeshsignalat 19 per
rotationshavs upin theanalysesslargedetailsat scales3 and
4. Thiscanbeseenn Fig. 9afor datarecord25. At datarecord
250, details4 and5 arethe largest. Referto Fig. 9b for data
record250 for details. For datarecord449, the amplitudeson
all of the detailsand averageare significantlylarger. But, for
details,4 and5, they aresignificantlylarger. Fig. 9c shovsthis
for datarecord449.

Now all of theaccelerometemwill beincluded.For theearly
datarecord, 25, the gearmeshsignalat 19 per rotationshavs
up in all of theanalysisfor all of the accelerometersAt data
record250, details4 and5 arelarge on all of the accelerom-
eters. Finally, for datarecord449, the amplitudesare signifi-
cantlylargerfor all of theaccelerometers.

SVD Modeéls of Time-Frequency Analyses

SVD modelsweremadefor all four transformsof all four ac-
celerometers. The training set consistedof half of the non-
anomalousiatafor thetwo lowesttorquelevelsfor all 16 mod-
els. Resultdor accelerometanumberl, closeto thepinionand
approximatelyradial to the input shaft,follow: Figure10 dis-
playsthe normalizedrms residualfor all four time-frequenyg
analysesFor thefirst torquelevel of 80%in datarecordsl-43,
the residuallevel is at the low baselinelevel for all time fre-
gueny methodsexceptthe CWT. For datarecords27-32the
residualincreasedlmost100%overbaselindor the CWT. For
the secondtorquelevel of 100% in datarecords44-126,the
residuallevelsarein two rangesthelow baselineanda higher
level. For datarecords44-53,theresidualdor the STFT, WV-
CW and DWT shaw a slight increaseabove the baseline the
residuafor theCWT shavs 100%increaseForthethird torque
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level of 125%in datarecordsl27-20%heresiduajumpsuptoa
largerlevel atthetorqueincreaseDuring thethird torquelevel
theresidualfor the STFT graduallyincreasesthe residualfor
WV-CW initially jumpsupto about0.5thendecrease® about
0.3 for mostof therecords the residualfor the CWT initially
jumpsup thendecreasethensteadilyincrease@andthe resid-
ual for the DWT remainsaboutconstant.For the fourth torque
level of 150%in datarecord210-44%heresidualdor all trans-
formsinitially jump up atdatarecord210thenrise steadilyto
record238, thenjump up againandremainat a high level for
the remainderof the datarecords.In this lastregion thereare
smallchangesn theresidualbccurringaroundrecords300,410
and440. All residualsabove datarecord240areat high levels,
closeto one. Thesehigh levels indicatethat the shapeof the
vibration signalsdiffer greatly from the shapeof thosein the
training set. For example,the time historiesin Figs. 12eand
12f do notresembleahosein Figs. 12aand12h

Theresidualsfor the otherthreeaccelerometershowv simi-
lar behavior overall with somevariations. The variationswill
be describedfor the CWT (Fig. 11). The residualfor ac-
celerometemumber2, which is also closeto the pinion and
orientedapproximatelytangentialto the shaft of the pinion,
shaws jumps nearrecords400, 410 and 440. Below record
numberl50, wherethereis theleastdamageo the pinion, the
residualfor accelerometenumber5, with the sameorienta-
tion asaccelerometenumberl and farthestfrom the pinion,
mostcloselymatchegheresidualfor accelerometenumberl.
Aboverecordnumber240,theresidualfor accelerometemum-
ber4, radialto the planetarygearandoffsetabout45 deg from
theinput pinion, mostcloselyresembleshe residualfrom ac-
celerometenumberl.

For comparisonthe rms levels for the four accelerometers
areshowvn in Fig.12. For accelerometenumberl, the rmsis
low up throughdatarecordnumber238with smalldecreaseat
thefirst andsecondorquechangesThereis ajump up around
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238, a gradualrise betweenrecords288 and 320, jumpsnear
398and412, a very steeprise from 440to 443 followed by a
dropoff overthefinal records.

The Choi-Williams methodgave the bestfit for all of the
accelerometerBom datarecordsl : 127, the pointsthatwere
usedin thetraining. For accelerometers and 3, the Discrete
WaveletTransformandthe ShortTime Fourier Transformboth
fit poorly for the samedatarecords.

The coeficientsgeneratedy the modelandnot shavn here
relateto boththetorquelevel of the gearandthe healthof the
gear In all of the modelsthe coeficients changewhen the
torquechanges.The coeficientsalso changefor mostof the
16 modelsat datarecords27, 33, 44, 54, 240, 280, 393, 408,
440and443. Coeficientsfrom themodelsmadewith the DWT
shav theleastamountof changeatthoserecords.

Discussion
Computer resources

All of the computationsveredoneon a generic550 Mhz Pen-
tium lll Xeonwith 1 Gb of memoryrunningRedhat_inux 6.2.

Referringto Table2, in increasingorder, asingle STFT took
just.005 secondgo complete.A DWT took .096 secondsand
a CWT took 1.37 secondsThe WV-CW which took 2.48 sec-
ondsto performwasby far thelongestsinglemethod.

Also, in increasingorder, the SVD timesfor a single DWT
took 4.7 seconds A STFTtook 6.0 secondsaanda CWT took
77.9 seconds.Again, the methodwhich took the longestwas
the WV-CW, taking 176.4 seconds.

Althoughtherewereno exactfigureskept on the amountof
spaceusedfor eachof the methodsfrom estimatesthe DWT
took the leastamountof space. The STFT took the second
most,andthe CWT took the next. The WV-CW, with a very
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Figure12: RMS of Time Dataon All Four Accelerometers

large mamin, took the mostmemory
The WV-CW method took the most computerresources
withoutshawving a clearbenefitover othermethods.

SVD Modeling and Metric

All four time-frequenyg analyse<learly shav changesn the
dataover the courseof the experiment. The experimentdid
not provide a way to directly determinethe stateof the gear
during the experiment. The gearcontainednotcheson nine of
the teeth before datarecord one and the gear sustainedcon-
siderabledamageby the end of the experiment. The damage
probablyoccurredin stages.Changedn the vibration signal
areindicatedby the modelingof thetime-frequeng transforms
atdatarecords27-32,44-53,127-209,210-240,240, 285,400,
410,440and443-449.

Thelocal increasesn theresidualat datarecords27-32and
44-53 are very evident on the modelsfor the CWT models,
but not clearfor the otherthe time-frequeng transforms.The
model coeficientsin theselocal regionsdiffer for the models
of all of the time-frequeng analysesand all accelerometers.
Thesefindings coincidewith datarecordswhere the test rig
may have hadproblemswith the input shaft. Theserelatively
highlevelsof theresidualareprobablydueto mechanicaprob-
lemswith thetestrig.

The very steepump in theresidualat the secondorquein-
creaseat datarecord127 may indicatesomegeardamageoc-
curredat this time. The residualchangeindicatesa changen
the characteof the signal,not the amplitudeof the signal. Al-
thoughthe charactef the vibration signal of a gearchanges
with torque, examining measurementfrom gearsknown to
containno damagdeadsto an expectationof a smallerchange
in the residualfor the torquechangein this experiment. It is
plausiblethatif a crackin the gearwason the verge of propa-
gatingandcausingunctionaldamagehatanincreasen torque
wouldinitiate thedamageThetime historyin Fig. 12cfor data



Table2: MethodComparisons

Time SvD Samples Spectrum

(sec.) times(sec.) perRev. inshaftharmonics
STFT .005 6.0 256 128
Choi-Williams 2.48 176.4 256 64
ContinuousVavelet  1.37 77.9 256 128
DiscreteWavelet .096 4.7 256 128

record 150 shavs someof the waveformswith a tooth-width
wavelengthbeginningto memge near0.1, 0.75and 0.85 of the
rotationwhencomparedvith thetime historiesfrom theearlier
recordswhich more clearly contain 19 individual waveforms
for the 19 teethon the pinion. With minor damageto a gear
tooth, the tooth may no longer carry its shareof the load thus
producingchangesn the vibration signal,includingthe memg-
ing of waveforms.Thelarge jump atthe secondorquechange
mayoccurbecause¢hetorqueis increasingrom 100%to 125%
of full load. Thelargejumpin theresidualatrecord127is prob-
ably a combinationof changeto a torquelevel not includedin
thetraining setandchangen the shapeof thetime history due
to minor damageo someof the gearteeth. A trainingsetcon-
tainingdatawith agoodgearrunningat 125%torqueis needed
to malke more definite statementsThe gradualincreasen the
residualfor mary of the modelsin the third torqueregion may
indicategradualincreasinglamage.

The steepjump in the residualat the final torqueincrease
(datarecord210) and gradualincreasefor aboutthe next 40
datarecordscanbeinterpretedn the samemannerasthejump
andincreaseafterthesecondorquechange Thetimehistoryin
Fig 12dfor datarecord230shavs evenmorememing of wave-
formson the scaleof the geartoothto alongerwavelength.

All changesafter the final torque definitively indicate
changedn the stateof the gear The steepjump in residual
andabruptchangesn the coeficientsof the modelsoccurred
neardatarecord240 indicating an abruptchangein the gear
Changesndicatingdiscretechangesn the gearconditionalso
occurredneardatarecords285,400and410.

For the last 9 datarecords,the coeficients of the models
shav moredrasticchangehantheresidual.Many of the coefi-
cientsincreaseby afactorof 2 or moreover afew datarecords
thendecreaséo low levels while the residualincreaser re-
mainshigh. Very severedamageprobablyoccursover the last
severaldatarecords.

Residualdrom modelsof the differenttime-frequeng anal-
yseshave somedifferent characteristics.Residualsfrom the
model of the CWT indicatedproblemswith the testrig more
thanthe othertime-frequenyg transforms.The WV-CW model
gavetheclosesfit to thedatain thetrainingsetandits residual
rosemore thanfor othermodels. All of the residualson the
differentaccelerometershaved indicationsof damageto the
pinion gear

Whenthelevel of theresidualfrom modelingindicatesdam-
agemay exist in machinerymoreinformationcanbe obtained
in the modelingby further examinationof the residual. If the

damagss of alocal nature the time-frequeng representation
of theresidualill shav structuredocalizingthedamageSuch
structureswere obsened in the measurementsf currenttest
waveformschangingsizefrom 1/19 of a rotationto about2/19
of a rotation. Examinationof suchresidualsfrom different
kinds of faultsin differentmachinerymight leadto the ability
to classifythedamage.

The time-frequeng analysesdistinguishevents at distinct
times, so signalsusedin the modeling must be consistently
synchronized. Whenthe interruptersignal usedfor synchro-
nizationis on the sameshaftasthe gearbeinganalyzedthere
is no alignmentproblem. Whenthe phasealignmentqueueis
from a shaftspinningat a differentfrequeng somethingmust
be doneto accounfor the properphase Oneoptionis to align
the datawith a circular correlationcorrection. Anotheroption
is to usesynchronoushaverageddatafrom all possiblephase
alignmentsof thegearin thetrainingset.

The modelingin the currentwork doesnot accountfor the
nonlineardependencef the vibration signal on torque. The
modeling should be developedto incorporatethe signal de-
pendenceon torque and possibly other operatingparameters.
A nonlinearextensionof Principal ComponentAnalysis[38]
mightaccomplistthis.

The SVD modelingof thetransformedlatacanbedeveloped
into anautomatidaultdetectorfor useonmachinery Extensve
training and test setscovering all operatingconditionsof the
gearareneeded.Thedistribution of the normalizedrmsresid-
ualcanthenbedeterminedy thehistogranfor thetrainingand
testsets. With the distribution the trigger level on the normal-
ized rms residualcanbe setto yield a given falsealarmrate.
The sensitvity of the fault detectioncan be investigatedwith
testrig dataof gearswith andwithout faults. The falsealarm
ratecanbeinvestigatedvith measurementmadein flight. This
fault detectionwill have the combinedbenefitsof sensitvity to
faultsthat producechangesn thetime-frequeng analysesand
theability to automatdaultdetectiorwith asinglenumbemet-
ric.

Conclusion

The Short Time Fourier Transform,the Choi-Williams mod-

ified versionof the WignerVille Transform,the Continuous
Wavelet Transformandthe DiscreteWavelet Transformall re-

vealchangesn thevibrationmeasurementsf adamagedpiral

bevel piniongear



The Choi-Williams modified version of the WignerVille
Transformand the ContinuousWavelet Transform both use
considerablymore computationalresourcesthan the Short
Time Fourier Transformandthe DiscreteWavelet Transform.

A singlenumbermetric applicableto automaticfault detec-
tion was introducedthat can be producedfrom arny system-
aticnumericakepresentatioof thevibrationsignals.Vibration
measurementsf the gearoperatingwithout faultsare needed
to generatéhe modelusingthe metric.

The new metric revealedindications of testrig problems
with the ContinuousWavelet Transform, thus indicating the
additionalcomputationatesourceseededor the Continuous
Wavelet Transformaddvalue.

More testing of the new metric is neededio determineits
valuefor automaticfault detectionandto develop methodsof
settingthethresholdfor the metric.
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